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Relationships of Overall Estery Aroma Character 
in Lagers with Volatile Headspace  
Congener Concentrations 
Ittipon Techakriengkrai1, Alistair Paterson1,3, Behnam Taidi2 and John R. Piggott1
ABSTRACT 
J. Inst. Brew. 112(1), 41–49, 2006 
In lager beers the intensity of “estery” aroma character is re-
garded as an important component of sensory quality, but its 
origins are somewhat uncertain. Overall “estery” aroma intensity 
was predicted from capillary gas chromatographic (GC) data 
following solid phase micro extraction (SPME) of headspaces. 
Estery character was scored in 23 commercial lagers using rank-
rating, allowing assessors (13) constant access to a range of 
appropriate standards. From univariate data analysis, all asses-
sors behaved similarly and lagers fell into three significantly 
different groups: low (1), high (1) and intermediate (21). The 
quantification of 36 flavour volatiles by SPME of headspaces 
was reproducible and principal component analysis explained 
91% total variance. Multiple linear regression could utilise only 
a restricted (26) set of flavour volatiles, whereas partial least 
square regression, that considered all flavour components, 
showed significant differences and improved prediction. How-
ever, an artificial neural network that could compensate for non-
linearities and interactions in ester perception gave the most 
robust prediction at R2 = 0.88. 
Key words: Artificial neural network, beer sensory quality, par-
tial least square regression, sensory instrumental correlation rank 
rating. 
INTRODUCTION 
Estery characters, thought important in lager and other 
beers, are thought to originate from approximately 90 
different ester congeners, secondary products of the brew-
ing process. Ester formation depends on a range of factors 
including wort composition, fermentation parameters and 
choice of specific yeast strain, but has also been linked to 
low oxygen availability1,15,20,22. In beer sensory analyses, 
estery remains difficult although Meilgaard17 in 1982 con-
cluded in discussions of compositional influences on beer 
flavour, that ethyl acetate, ethyl caproate, and isoamyl 
acetate were suitable as standards for estery aroma1,15. 
However a wide range of other esters and higher alcohols 
in the volatiles also contribute to flavour17. Technical is-
sues, notably construct definition, have limited modelling 
of origins of overall estery18. 
Over the past decade however, solid-phase micro-
extraction (SPME) has revolutionised volatiles data ac-
quisition for alcoholic drinks16,26. This strategy proceeds 
by partitioning compounds from the headspace onto the 
surface of a fibre coated with a liquid phase. Subsequent 
desorption in the injection port of a capillary gas chro-
matograph (GC) is followed by quantification. This strat-
egy, an advance over previous static headspace analyses, 
seems fundamentally more similar to the mechanisms of 
aroma perception i.e. absorption at nasal olfactory sites18. 
Beer volatiles quantification by SPME has been validated 
for esters and higher alcohols with evidence of lower lim-
its of detection, high repeatability and good linearity. 
Sensory and compositional data can be related using 
linear regression in simple model solutions, but in beers 
and wines18 characteristic aroma characters may emerge 
from complex mixtures of volatiles in headspaces over 
solutions containing many less volatile solutes. Popular 
multivariate data analysis methods include partial least 
square regression2,14,18,25, principal component analysis of 
total14,18,24 or edited data matrices7 and generalised Pro-
crustes analysis5. With partial least square regression 
(PLS) is it is possible to have more variables than samples 
and using a single Y variable and a matrix of predictors 
(X-variables), PLS has given good prediction of sensory 
bitterness for lagers2. Artificial neural networks2, offer the 
ability to cope with non-linear relationships and integra-
tions of multiple congeners. 
The aim of this project was the prediction of aroma in-
tensity of overall “estery” aroma character in lagers from 
quantitative data on volatiles from SPME headspace GC 
analyses. Rank-rating12 was used to collect sensory data 
on estery aroma, so that standards could be provided to 
assist scoring. Sensory data was subjected to analysis of 
variance (ANOVA) to clarify assessor performance; then 
relationships to headspace volatiles compositional data 
explored using sequentially multiple linear regression 
(MLR), principal component analysis (PCA), partial least 
square regression (PLS), and an artificial neural network 
(ANN). 
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MATERIALS AND METHODS 
Lagers 
Twenty-three lager beers were purchased retail from 
single production batches and similar samples were used 
for SPME headspace gas chromatography and sensory 
analyses. 
Rank-rating of lager estery aroma 
A panel of 13 assessors was recruited from beer-drink-
ing students and staff at the University of Strathclyde. 
Assessors were trained to understand the term “estery 
aroma” by sniffing the three individual ester standards 
identified as important by Meilgaard17 : ethyl acetate (20 
mg/L), ethyl caproate (0.15 mg/L), and isoamyl acetate 
(0.5 mg/L) (Sigma-Aldrich, UK) in a light American 
beer. 
For rank-rating, 25 mL aliquots of lager were served at 
7°C ± 2°C in standard ISO 3591:1977 wineglasses, with 
glass lids, in purpose-built booths under red light. Asses-
sors were asked to sniff, rank, then score “overall estery 
aroma” on a line scale anchored at 10% and 90%, em-
ploying PSA sensory software (OP & P, Utrecht, Nether-
lands). Experiments were performed in duplicate. 
SPME headspace GC analyses 
An 85 µm polyacrylate coated fibre (Supelco, U.S.A.) 
was preconditioned in a split /splitless GC injection port at 
240°C for 60 min then exposed for 60 min at 37°C to the 
headspace of 10 mL lager samples, with addition of 30 µL 
internal standard, 1-pentanol at 5 mg/mL, preheated for 
30 min at 37°C in a capped vial. 
From reported methods10 separate external standards 
were prepared from 7 esters and 3 higher alcohols, each in 
100% ethanol: ethyl acetate, 7.37 mg/L; isobutyl acetate, 
1.26 mg/L; propanol, 7.00 mg/L; ethyl butyrate, 1.08 
mg/L; butyl acetate, 1.10 mg/L; isobutanol, 7.49 mg/L; 
isoamyl acetate, 7.39 mg/L; isoamyl alcohols, 20.99 
mg/L; ethyl caproate, 1.37 mg/L; and ethyl caprylate, 
2.02 mg/L. 
Esters were quantified using a high resolution gas chro-
matograph (HRGC 5300; Carlo Erba Instruments), using 
flame ionisation detection with a temperature gradient as 
follows: 35°C for 3 min, raised at 5°C/min to 100°C fol-
lowed by 20°C/min to 150°C, then 10°C/min to 240°C 



















A Czech 15.85 0.26 14.43 0.93 36.58 0.13 0.006 
B Germany 13.75 0.32 10.36 0.84 32.56 0.12 0.014 
C Czech 18.17 0.41 17.85 1.28 38.73 0.06 0.007 
D UK 17.47 0.69 21.56 1.97 49.94 0.18 0.042 
E UK 17.98 0.89 7.09 1.14 29.77 0.07 0.008 
F Australia 18.44 0.62 31.28 0.88 69.36 0.09 0.010 
G UK 16.51 0.39 14.06 0.73 32.32 0.08 0.016 
H UK 14.66 0.27 15.99 0.74 44.76 0.10 0.023 
I Holland 27.68 0.32 20.87 3.02 42.93 0.16 0.035 
J Germany 13.05 1.07 25.95 0.58 50.31 0.12 0.024 
K UK 11.39 0.61 15.92 0.47 32.75 0.07 0.012 
L UK 22.69 0.77 20.96 1.47 52.62 0.16 0.029 
M UK 12.63 0.42 16.62 0.53 32.52 0.08 0.013 
N UK 13.49 0.71 21.83 0.86 49.20 0.11 0.015 
O UK 15.94 0.65 18.41 1.13 36.40 0.13 0.023 
P Holland 13.04 0.32 19.45 0.61 43.38 0.06 0.003 
Q Italy 11.14 0.28 15.73 0.38 40.86 0.04 0.001 
R Czech 8.29 0.29 12.99 0.44 32.65 0.08 0.006 
S UK 15.45 0.28 11.43 0.98 28.27 0.06 0.013 
T Czech 44.10 0.65 34.46 5.71 83.88 0.19 0.019 
U UK 19.02 0.24 11.66 0.45 36.50 0.10 0.025 
V UK 16.61 0.59 19.51 0.91 43.26 0.11 0.021 
W Singapore 25.21 0.41 20.46 2.47 47.39 0.12 0.021 
TABLE II. Scores for overall estery aroma from rank rating as means 
(scale 0–100) from the sensory panel. Groups2 show levels of estery 
aroma intensity from Duncan’s multiple range tests; samples sharing the 
same letter were not significantly different. 
Sample Estery aroma scores1 Groups2
A 60.06 C 
B 53.88 A, B, C 
C 57.44 C 
D 43.50 A, B, C 
E 41.44 A 
F 48.38 A, B, C 
G 40.94 A, B 
H 47.38 A, B, C 
I 64.13 C 
J 54.00 A, B, C 
K 56.06 B, C 
L 49.25 A, B, C 
M 46.13 A, B, C 
N 49.06 A, B, C 
O 50.25 A, B, C 
P 46.94 A, B, C 
Q 61.75 C 
R 57.44 B, C 
S 42.81 A, B 
T 60.06 B, C 
U 49.56 A, B, C 
V 48.50 A, B, C 
W 56.00 B, C 
1 Estery aroma scores p < 0.05 
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and finally at 240°C for 7 min. Injection port temperatures 
were 240°C, helium carrier gas at 10 psi at 2.2 mL/min. 
Detector temperature was 260°C. Quantitation was by 
reference to the internal standard9. 
Headspace SPME-GC linked to ion trap  
mass spectrometry (GC-ITMS) 
Beer volatile components were examined using a Fin-
nigan MAT ITS 40 ion trap mass spectrometer. A Varian 
GC3400 used similar chromatographic conditions and 
temperature gradient to the Carlo Erba and retention in-
dices were matched using similar calculations of retent-
ion index values for FID and ITS components. Identifi-
cation of the beer headspace constituents was made by 
comparison of their GC Kovats indices13 and mass spec-
tral patterns with published values11,19. Both identified 
compounds and two unknowns were used in prediction 
models. 
Data analysis 
One- and two-way ANOVA were performed by Mini-
tab v. 13.1 (Minitab Inc., USA) and Duncan’s multiple 
range test used SPSS v. 10.0 (SPSS Inc.). Principal com-
ponent analysis, partial least square regression and mul-
tiple linear regression modelling analysis used Unscram-
bler v. 7.6 (CAMO A/S, Oslo, Norway). Artificial neural 
network analysis used Neuralyst v. 1.4 (Cheshire Engi-
neering Corporation, USA). 
RESULTS AND DISCUSSION 
SPME headspace analysis with  
gas chromatography 
From the GC chromatograms, thirty-seven peaks were 
quantified as being congeners relevant to the study. Four 
specific ester compounds, those of the external standards, 
and three higher alcohols were identified and quantified 
(Table I) from retention time of standard solutions. From 
the reproducibility (low s.d.; Table I) SPME analyses was 
satisfactory for headspace quantifications. Ethyl butyrate 
was not detected (as also reported by Jelen et al.10), al-
though isobutyl acetate was present at 0.19 mg/L in 50°C 
extractions in their study, but was absent from the chro-
matograms. The other 30 unknown peaks were not identi-
fied but used, taking absolute peak areas in relation to the 
internal standard, for ANN, MLR, PCA, and PLS model-
ling. This was found to give more robust data than peak 
height (data not shown). 
Rank-rating sensory assessment of estery aroma 
One-way ANOVA with the Duncan multiple range test 
of rank-rating data (Table II) showed significant differ-
ences for estery aroma among lagers. Products were clus-
tered on the basis of similarity as discussed previously25. 
Interaction between assessors and samples from two-way 
ANOVA (data not shown) was non-significant, indicating 
agreement of the meaning of “overall estery aroma” 
Fig. 1. Bi-plots (PC1 vs. PC2) of principal component analysis product space, with cross validation of the seven (four ester; three
higher alcohol) congeners and 19 unknown components. 
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Fig. 2. Bi-plots (PC3 vs. PC4) of principal component analysis product space, with cross validation of seven (four ester, three higher
alcohol) congeners and 19 unknown components. 
among assessors. The limited range between lowest 
(sample 7, 40.94) and highest (sample 9, 64.13) showed a 
difficulty in discrimination of intensity of character in 
samples, assisted by the rank rating and Duncan’s 
multiple range test (Table II) which yielded 3 groups: A, 
B, and C. Group A had least overall intensity of estery 
aroma and group C the greatest. Most (18) lagers fell into 
the intermediate group (B). 
Identification of key headspace compounds 
from modelling 
Unknown compounds 9, 15, 19, 22, and 27 were im-
portant in determining positioning in the product spaces 
(Fig. 1 and 2). Compounds 9, 15, and 19 were identified 
as: butyl octanoate, ethyl phenyl acetate, and phenylethyl 
alcohol. Compound 17 with a high regression coefficient, 
thus driving prediction of estery (Table III), was identified 
as phenylethyl acetate. Compound 22 and 27 were provi-
sionally identified from mass spectral data as 2-hexyl-1-
decanol and 2-hydroxy-5-methylacetophenone, but au-
thentic compounds showed different Kovats retention in-
dices. These therefore remain as unknown compounds. 
Principal component analysis 
Principal component analysis, with cross validation of 
the seven (four ester; three higher alcohol) congeners and 
19 unknown components explained 65, 16, 6 and 4% vari-
ance in the first four PCs respectively, a total of 91%. 
There were significant differences among lagers in the 
first 13 PCs from one-way ANOVA. Fig. 1 shows the 
biplots of scores and loadings in PC1 (P = 0.000) vs. PC2 
(P = 0.000) of the product space. Letters represent prod-
ucts and numbers congeners. Beers J and T were discrimi- 
TABLE III. -Coefficient (regression coefficient) of 26 compounds in 
partial least square regression prediction of estery character. 
Compounds -Coefficient number 
Ethyl acetate –0.075 
Propanol 0.065 
Isobutanol 2.055 
Isoamyl acetate 0.780 
Methyl butanol –0.509 
Ethyl caproate 0.060 











Ethyl phenyl acetate –0.552 
U16 1.127 
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Fig. 3. Bi-plots (PC1 vs. PC2) of partial least square regression product space of only four ester and three higher alcohol congeners. 
Fig. 4. Prediction of lager estery aroma intensity by partial least squares prediction from only four ester and three higher alcohol con-
geners. 
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Fig. 5. Prediction of lager estery aroma intensity by partial least squares regression from four ester and three higher alcohol congeners
and 19 unknown components. 
Fig. 6. Prediction of lager estery aroma intensity by multiple linear regression from four ester and three higher alcohol congeners. 
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nated from the others in PC1 and from each other in PC2. 
Other products were clustered near the central position 
with most congeners on PC2. Methyl butanol, ethyl ace-
tate, ethyl phenyl acetate, and unknown 22 were linked to 
product T, whereas J was linked to phenylethyl alcohol. 
The product space PC3 (P = 0.042) vs. PC4 (P = 
0.008) linked the congener butyl octanoate to lager D, and 
unknown 22 to products B, C, F and R. As previously 
other products were clustered. 
Partial least square regression 
Partial least square regression was performed to model 
relationships between headspace components and sensory 
data. GC data were subjected to one-way ANOVA to re-
move non-discriminating volatiles that would only add 
noise to the model and 26 (19 unknown; 7 with standards) 
were retained for the X matrix of PLS1. 
The PLS1 product space (Fig. 3) showed scores of la-
gers and loadings of ester and higher alcohol compounds. 
The plot of measured versus predicted estery aroma using 
full cross validation (Fig. 4) had a low coefficient (0.26) 
indicating poor prediction. Using all 26 components (Fig. 
5) prediction was enhanced to R2 = 0.93 for calibration 
and R2 = 0.55 for validation suggesting a better model, but 
low reliability of prediction. This suggests that a number 
(20–30) volatiles contributed to overall estery character. 
From regression coefficients (Table II), central to the 
model was phenylethyl acetate. 
The conclusions were that the FID components con-
tributing to differentiation of character were: butyl oc-
tanoate, ethyl phenyl acetate, phenylethyl acetate, pheny-
lethyl alcohol, and unknowns 20 and 22. 
Multiple linear regression (MLR) 
Prediction (Fig. 6), using the 7 quantified compounds, 
was slightly improved (R2 = 0.62) over that from PLS1 
but the slope was at 0.38. With 7 identified compounds, 
MLR gave better prediction to the PLS1 with correlation 
at 0.62. A limitation of MLR is that there should be more 
samples than variables7 precluding modelling the set of 
unknown components. 
Artificial neural network model 
Prediction of estery character was first effected with 
the 7 standard components using a three-layer artificial 
neural network with 4 neurons in the hidden layer (Fig. 
7). The root mean square (RMS) error was minimised to 
0.045 by network training with update parameter set at 10 
and final learning rate set at 1. After 6610 epochs training 
with 20 lagers (training set) a prediction of 0.87 of the 
other 3 (test set) with cross validation method, randomis-
ing the test set. This indicated that the ANN showed an 
improved prediction. 
Using the 26 volatile components (7 standard and 19 
unknown) and a three-layer artificial neural network with 
10 neurons in the hidden layer after 1290 epochs training 
a correlation coefficient 0.88 (Fig. 8) was obtained with a 
minimum RMS error of 0.033. In this model, update pa-
rameter and final learning rate were both set at 1 for train-
ing. The greater number of components yielded an im-
proved prediction (0.88) and reduced training in both time 
and epochs. 
Comparison of different multivariate 
techniques 
In contrast to the observation with bitterness25, all as-
sessors could be treated as having similar perceptions of 
estery character in the products from ANOVA. This was 
undoubtedly assisted by the use of rank-rating 16, which 
permits incorporation of standards into the scoring proto-
col. The finding that lagers fell into three classes on the 
basis of estery aroma suggests brewers have clear views 
of the importance of this character and use this in new 
product development. The observation that lager J was 
differentiated by an increased concentration of phenyl-
ethyl alcohol and lager T by ethyl acetate, methyl butanol, 
ethyl phenyl acetate and unknown 22 was unpredicted. 
In predicting character in beer from flavour component 
data, published studies of bitterness and off flavours are 
 
Fig. 7. Prediction of lager estery aroma intensity by an artificial neural network from four ester
and three higher alcohol congeners. 
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most abundant1,10,15,22. Estery character has received less 
attention. In alcoholic drinks PCA and PLS have received 
the most attention e.g. in wine and whisky. In non-alco-
holic drinks, prediction of overall blackcurrant character 
from GC data, using an artificial neural network, has been 
reported2. More studies using the electronic nose have 
been published3,9 but this is not suited to ethanolic head-
spaces such as from beer. 
In this study, initially PCA was performed to explore 
the data structure and all variables. Scores and loading 
plots from PCA (Fig. 1) and PLS1 (Fig. 3) showed simi-
larities in product clustering. Both PLS1 and MLR sought 
to make linear predictions6 of the estery character from 
volatile components, and neither achieved an adequate 
level of prediction. The latter was restricted by the re-
quirement for a large number of samples, yet showed an 
improved prediction with only the 7 standard components. 
It was clear that the 26 discriminating volatile compo-
nents gave an improved prediction for PLS (calibration R2 
= 0.92) over MLR (calibration R2 = 0.62). However the 
validation R2 = 0.55, and difference from calibration 
value, suggested this PLS1 model was not robust. Thus 
the conclusion of Meilgaard17, that the complexity of beer 
congeners was the factor limiting understanding in 1982, 
was not influenced by the development of SPME head-
space gas chromatography. 
Artificial neural networks have two key advantages 
over conventional multivariate modelling: firstly these can 
accommodate non-linearities in response of sensory char-
acter to congener concentration, divergences from the 
linearities of Fechner’s and Steven’s laws8, and secondly 
interactions between esters at threshold and sub-threshold 
concentrations5. This latter is effected by the neuron struc-
ture and hidden layer of the ANN4,23. 
In summary, it was possible to predict sensory estery 
character in this study only by using an artificial neural 
network, which allowed divergences from linear predic-
tions. The ANN also minimised the prediction errors by 
training the model with the optimum parameters over 
which the experimenter had only limited control. Elimina-
tion of congeners not contributing to discrimination, using 
ANOVA, however formed a useful initial step in predic-
tion. Certain specific lagers were characterised by in-
creased concentrations of certain congeners. Eighteen out 
of 23 however shared a commonality of volatile flavour 
components as detected by SPME headspace chromatog-
raphy. 
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